AgriEngineering
A A °

Article

Diagnosis of Nutritional Deficiencies in Coffee Plants Through
Automated Analysis of Digital Images Using Deep Learning in
Uncontrolled Agricultural Environments

Carlos Calder6n-Mosilot

check for
updates

Academic Editor: Lilong Chai

Received: 27 July 2025
Revised: 28 November 2025
Accepted: 1 December 2025
Published: 8 December 2025

Citation: Calderén-Mosilot, C.;
Tapia-Gélvez, U.; Arcila-Diaz, J.;
Mejia-Cabrera, H.I. Diagnosis of
Nutritional Deficiencies in Coffee
Plants Through Automated Analysis
of Digital Images Using Deep
Learning in Uncontrolled Agricultural
Environments. AgriEngineering 2025, 7,
421. https://doi.org/10.3390/
agriengineering7120421

Copyright: © 2025 by the authors.
Licensee MDP], Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license

(https:/ /creativecommons.org/
licenses /by /4.0/).

, Ulises Tapia-Gdlvez, Juan Arcila-Diaz *' and Heber I. Mejia-Cabrera

School of Systems Engineering, Universidad Sefior de Sipan, Chiclayo 14000, Peru;
cmosilot@uss.edu.pe (C.C.-M.); tgalvez@uss.edu.pe (U.T.-G.); hmejiac@uss.edu.pe (HI.M.-C.)
* Correspondence: diarcilaju@uss.edu.pe

Abstract

This study aimed to develop a deep learning-based application for the automatic detection
of nutritional deficiencies in coffee plants through the analysis of in-field leaf images. Im-
ages were collected from farms in the Shipasbamba district and classified into six deficiency
types: nitrogen (N), phosphorus (P), potassium (K), calcium (Ca), magnesium (Mg), and
iron (Fe). A total of 2643 leaves were labeled and preprocessed for model training. Several
YOLO architectures were evaluated, with YOLO11x achieving the best performance after
100 epochs, reaching a precision of 88.98%, recall of 88.54%, F1-Score of 88.76%, and mAP50
of 92.68%. An interactive web application was developed to allow real-time image upload
and processing, providing both graphical and textual feedback on detected deficiencies.
These results demonstrate the model’s effectiveness for automated diagnosis and its poten-
tial to support coffee growers in timely, data-driven decision-making, ultimately improving
nutrient management and reducing production losses.

Keywords: object detection; computer vision; coffea arabica; plant nutrition; YOLO

1. Introduction

Coffee is one of the most socioeconomically significant crops worldwide. It is
a globally traded commodity that plays a crucial role in the economies of many
countries—particularly in Latin America, Africa, and Asia—providing a livelihood for
more than 125 million people across the globe [1]. Its value lies not only in its contribution
to income generation but also in the preservation of rural traditions among smallholder
farmers, whose coffee production in Peru has increased in recent years [2]. However, as
with other crops, nutritional deficiencies in coffee plants reduce both yield and bean qual-
ity, thereby increasing production costs and diminishing competitiveness in international
markets—factors often compounded by the presence of plant diseases [3].

Among the most common nutritional deficiencies are nitrogen (N) deficiency [4],
which causes yellowing of leaves and stunted growth; phosphorus (P) deficiency, leading
to purplish or reddish discoloration on the underside of leaves and delayed development;
potassium (K) deficiency, manifested by scorching and necrosis along leaf margins; calcium
(Ca) deficiency, resulting in necrotic tips and margins as well as leaf deformation; mag-
nesium (Mg) deficiency [5], characterized by interveinal chlorosis in older leaves while
the veins remain green; boron (B) deficiency, leading to distortion of apical meristems
and necrosis of young shoots; iron (Fe) deficiency, which produces interveinal chlorosis in
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young leaves with veins that stay green; and manganese (Mn) deficiency, which appears as
interveinal chlorosis accompanied by small necrotic spots on the leaf blade [6].

Nutritional deficiencies are immediately reflected in the appearance of the leaves. To
detect them, farmers typically walk through the crop rows, observing color variations,
textures, and deformations, thereby identifying critical areas within minutes [7]. Comple-
mentarily, laboratory-based chemical analyses provide precise data on the actual nutrient
content of the leaves; however, they only represent specific samples and require several
days to produce results [8]. Due to the extensive size of coffee plantations, diagnoses are
generally referential, combining visual inspection with periodic photographic records and
a sampling plan that selects representative points.

A comprehensive inspection of coffee plantations using conventional methods is un-
feasible in terms of both time and cost, as it requires extensive sampling and long waiting
periods for laboratory results. To overcome these limitations, recent research has proposed
the use of computer vision and machine learning techniques to enable faster detection and
to estimate the nutritional status of plants across various crops. In study [9], a fertilizer
recommendation system was developed based on the prediction of nutritional deficien-
cies. Using a dataset of 20,777 labeled images across 11 deficiency classes, the researchers
implemented a ResNet-50 network that not only identified the specific deficiency with an ac-
curacy of 98.18% but also generated nutrient application recommendations, demonstrating
how computer vision can effectively complement agronomic decision-making.

On the other hand, study [10] demonstrated the feasibility of detecting nutritional defi-
ciencies in guava leaves captured with mobile phones using lightweight CNN architectures.
With a dataset focused on magnesium and phosphorus deficiencies, the system achieved an
accuracy of 87%, validating the use of low-cost devices for real-time agronomic diagnostics.
These previous studies support the use of computer vision and deep learning as effective
tools for crop nutritional monitoring, offering rapid and highly accurate diagnoses.

In the field of viticulture, study [11] integrated a hybrid architecture combining Con-
volutional Neural Networks (CNN) and Long Short-Term Memory (LSTM) to diagnose ten
types of nutrient deficiencies in grapevine leaves. Using a dataset of representative images
corresponding to nitrogen, phosphorus, potassium, iron, manganese, zinc, calcium, boron,
magnesium, and sulfur deficiencies, the model combined the feature extraction capabilities
of CNN with the sequential memory of LSTM, achieving an accuracy of 98.6%.

Similarly, in rice fields across China, Bangladesh, and India, study [12] evaluated the
performance of five pretrained CNN models (InceptionV3, VGG16, VGG19, ResNet50, and
ResNet152) for identifying nitrogen, phosphorus, and potassium deficiencies in rice leaves.
Data augmentation expanded the dataset from 1156 to 4963 images, and feature extraction
followed by Support Vector Machine (SVM) classification achieved up to 97.40% accuracy
without augmentation and 99.05% with augmentation, highlighting the importance of data
diversity in model training.

Table 1 presents additional relevant studies on the detection of nutritional deficiencies
in various crops through leaf analysis using computer vision and deep learning techniques.

Table 1. Techniques and data used to detect nutritional deficiencies in crops.

Crop Technique Used Dataset Results
Fertilizers/Plant Leaf images (from digital o . .
Deficiencies CNN (ResNet-50) camera), 20,777 specimens, 98.18% accuracy in diagnosis and

(various crops) [9]

- fertilizer recommendations
11 deficit classes

Guava [10]

Smartphone images of guava
leaves, quantity unspecified
(various deficiencies)

Light CNN
(pre-models)-trained)

87% accuracy in detecting
Mg and P deficiencies
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Table 1. Cont.

Crop Technique Used Dataset Results
Images of vine leaves with 98.6% accuracy in
Vine [11] Hybrid CNN + LSTM deficiencies of N, Fe, P, Mn, K, health classification vs.
Zn, Ca, B, Mg and S. multiple impairments
CNN pre-trained Kaggle NPK dataset: 1156 Accuracy between 91 and 99%;
Rice [12] (InceptionV3, VGG16/19, original images + 3807 97.40% without boosting, 99.05%
ResNet50/152) + SVM augmented images = 4963 total ~ with boosting (ResNet50 + SVM)
Average accuracy of 85.3%
. . Images from the International in identifying deficiencies
Rice [13] K-Means clustering + SVM Rice Research Institute (IRRI) according to F1, precision
and recall
peep leaeﬁml% fzatrkrllfevg oricthat on rice plant leaves from RGB Over 92% accuracy, with
Rice [14] POy p the Xception model being

models—Xception, Vision
Transformer, and MLP Mixer

images

the best performer.

Rice (nitrogen
deficiency) [15]

CNN

RGB images of N-deficient
rice leaves

95% accuracy in identifying
nitrogen deficiency

Plants (multiple
deficiencies) [16]

Block-wise image
segmentation, block-wise
personalized CNNs, a
“winner-take-all” strategy,
and response integration
with MLP

3000 images of leaves
segmented into blocks

It outperformed human
detection in identifying
deficiencies; clear differences in
growth and chlorophyll content
in N, P, and complete treatments

Citrus [17]

Machine learning using
Decision Tree and Random
Forest algorithms.

Images of citrus leaves with
various nutritional deficiencies.

The Random Forest method
achieved the highest accuracy
of 91.25% using a data ratio
of 80:20.

Maize [18]

Deep learning and
conventional machine
learning methods, including
SVM, Decision Tree, and
Gradient Boosting

36,000 images in total
Photographs of leaves with zinc
(Zn), potassium (K), nitrogen (N)
and phosphorus (P) deficiencies

Decision Tree accuracy of 90.13%

The present research aimed to develop a deep learning-based application for diagnos-
ing nutritional deficiencies in coffee plants through the analysis of in-field leaf images.

The justification for this research aligns with the 2030 Agenda, particularly Sustainable
Development Goal 2 (Zero Hunger), targets 2.3 (“double the agricultural productivity and
incomes of small-scale food producers”) and 2.4 (“ensure sustainable food production
systems”) [19].

In this context, the proposed protocol is designed to directly support both farmers and
agricultural specialists by providing a fast, low-cost, and automated diagnostic tool that
identifies nutritional deficiencies in coffee plants through image analysis. This system facil-
itates timely decision-making in the field, allowing producers to apply specific fertilizers or
corrective treatments based on precise information, thereby reducing resource waste and
improving productivity. Moreover, specialists can use the generated data to monitor crop
health trends, optimize nutrient management strategies, and contribute to more sustainable
and efficient agricultural practices in coffee production.

2. Materials and Methods

Figure 1 illustrates the methodological workflow. The process began with the prepara-
tion of the previously collected and labeled dataset, followed by its division into training,
validation, and testing subsets. Subsequently, object detection models were trained using
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the YOLO architecture, and their performance was evaluated using standard computer
vision metrics. Finally, the trained model was integrated into a web-based application for
end use. Each stage was designed to ensure the robustness of the model and its applicability
under real-world agricultural conditions.

Dataset Preparation Training Application
2643 coffee leaf images YOLO Versions: Input
YOLOvV8n = Image
= Classes: YOLOVS8x
Fe (Iron deficiency) YOLO11n Process
3 = API
Mg (Magnesium deficiency) YOLO11x .
N (Nitrogen deficiency) - = Detection model
P (Phosphorus deficiency) Data Spiit: Output
K (Potassium deficiency) Training: 70% = Image with detected
Validation: 15% deficiencies
Test: 15%
Epochs: 100
Batch size: 8
Metrics:
Precision, Recall, F1-Score and

mAPS0 |

etection
Model

Figure 1. Proposed methodology for the development of an application for detecting nutritional
deficiencies in coffee plants.

2.1. Study Area and Data Collection

The present study was conducted in the district of Shipasbamba, which belongs to the
province of Bongard, in the Amazonas department, located in the northeastern region of
Peru. This area is characterized by its agricultural activity, with coffee cultivation (Coffea
arabica) standing out as one of the main crops of economic importance.

The precise geographical location where the images were captured corresponds to
the Pirca farm, with coordinates 5°54'29.9"” S latitude and 77°58'10.9” W longitude. This
area exhibits agroclimatic conditions that are ideal for coffee cultivation, with altitude,
temperature, and humidity favorable for crop development. Figure 2 shows the location of
the Shipasbamba district on the map of Peru.

+ Distrito de
Shipasbamba

Figure 2. Location of Shipasbamba District in Peru.

And in Figure 3 you can see the location of the Pirca estate in the Shipasbamba district.



AgriEngineering 2025, 7, 421

50f 16

FUNDO PIRCA

Figure 3. Location of the Pirca estate in the Shipasbamba District.

2.2. Data Collection

There are several datasets of nutritional deficiencies in coffee leaves, however, these
datasets are not of plants, but only of leaves, which does not make their use in real crops
possible. In [20], a free dataset with 1006 images of coffee leaves from Peru (varieties
CATIMOR, CATURRA and BORBON) is presented, captured in a controlled environment,
not directly on plants. The dataset [21] contains images of crops, but these are images of
leaves for disease classification. However, this study focuses on nutritional deficiencies
in leaves.

In the present study, image collection was carried out following a standardized cap-
ture protocol in order to guarantee the quality and homogeneity of the data used in the
training of the model. In total, 100 images corresponding to coffee leaves (Coffea arabica)
of the caturra variety that presented visible signs of six types of nutritional deficiencies
were captured: Micronutrients iron (Fe), magnesium (Mg), Macronutrients nitrogen (N),
phosphorus (P), potassium (K) and calcium (Ca).

2.2.1. Capture Protocol

An Agronomist Engineer supervised the collection and labeling of the images, en-
suring accurate identification and classification of nutritional deficiencies. To control for
confounding factors—such as flooding, drought, or other stressors that can produce leaf
symptoms similar to nutrient deficiencies—only healthy plants exhibiting clear, element-
specific deficiency signs were selected. Leaves showing damage unrelated to nutrient
deficiencies were excluded from the dataset.

The photographs were taken at an approximate distance of 1.5 m from the coffee plant
to the mobile device, consistently maintaining the same angle and centering the focus on
the leaves.

The average plant height was 2.5 m, with a 1 m spacing between rows to facilitate
movement and ensure a standardized distance between the camera and the plant. An
Agronomist Engineer supervised the collection and labeling of the images, ensuring accu-
rate identification and classification of nutritional deficiencies.

A capture angle of 180° was used, with images taken frontally relative to the leaves,
without any upward or lateral tilt.

Images were captured under natural light during field surveys, in sunny conditions
with minimal wind interference.

Recording was performed in the morning to ensure adequate and consistent illumination.
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Representative leaves were selected for each type of deficiency, ensuring a minimum
number of samples per class.

Figure 4 shows two sample images included in the dataset. In Figure 4a, an image
displays leaves with calcium nutritional deficiencies, while Figure 4b shows coffee plants
with leaves exhibiting iron nutritional deficiencies.

(b) Plant with Ca deficiecies.

(a) Plant w1thFe definc1es.

Figure 4. Sample images from the dataset.

2.2.2. Field Tour

The field survey was conducted on 15 June 2025, at the Pirca farm, located in the
district of Shipasbamba, province of Bongard, Amazonas, Peru [22]. The survey covered a
total area of 1 hectare (10,000 m?). During the fieldwork, a plant-by-plant visual inspection
was performed to identify and capture leaves exhibiting characteristic symptoms of each
nutritional deficiency. It was ensured that the selected plants were representative, and
images of leaves damaged by pests or diseases unrelated to the study objectives were
avoided. Table 2 presents the environmental conditions and image capture parameters for
the coffee plants.

Table 2. Environmental and capture conditions.

Criterion Worth
Distance between rows 1m
Land area 10,000 m?
Average plant height 25m
Camera-plant distance 1.5m
Age of plants 4 and 6 years old
Camera angle 180° (front)
Climate Sunny
Temperature 21°C
Wind speed 2km/h
Relative humidity 81%
Capture time 9:00 AM
Date 15 June 2025
Latitude 5°54/29.9" S
Longitude 77°58'51" W
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2.3. Data Annotation

Each image was reviewed with the support of a coffee cultivation expert, who identi-
fied and classified the leaves according to the type of nutritional deficiency. This process
ensured the quality of the labeling and the accurate representation of each class.

For image annotation, the open-source software Labellmg [23] was used, which allows
object labeling through bounding boxes. The labels were stored in the YOLO (You Only
Look Once) format, enabling direct integration with object detection models of the YOLO
family [24]. The annotations were saved in text files (.txt), where each line represents a
single annotation with the following structure:

<class_id> <x_center> <y_center> <width> <height> (1)

where

x_center: Center of the bounding box along the X-axis, normalized by dividing by the
image width.

y_center: Center of the bounding box along the Y-axis, normalized by dividing by the
image height.

width: Width of the bounding box, normalized by dividing by the image width.

height: Height of the bounding box, normalized by dividing by the image height.

Figure 5 shows the labels and annotations of two sample images included in
the dataset.

Figure 5. Cont.
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Figure 5. Sample images from the dataset with their annotations and labels.

Table 3 presents the number of annotations corresponding to each nutritional defi-
ciency in coffee leaves.

Table 3. Number of notes for each type of nutritional deficiency.

Deficiency Number of Leaves Observed
Iron (Fe) 450
Magnesium (Mg) 300
Nitrogen (N) 482
Phosphorus (P) 357
Potassium (K) 411
Calcium (Ca) 643

Total 2643 leaves observed

2.4. Data Augmentation

To increase the size of the training dataset, data augmentation strategies were em-
ployed, which are recognized as an effective approach to reduce overfitting [25]. In the
present study, augmentation was carried out by applying incremental rotations within
a range of —5° to +5°, simulating different viewing perspectives of the coffee leaves on
the plant. This preliminary augmentation was applied to increase the number of objects
in the dataset before the training phase. During training, additional data augmentation
is performed internally by the YOLO framework. The total number of images generated
through this procedure is summarized in Table 4.

rotation = Lot (X!, y/) = I(xcos(0) — ysin(0), xsin(0) + ycos(0)) ()
where (0) is the rotation angle.

Table 4. Dataset details.

Original Images Data Augmentation

Images Annotations Images Annotations
100 2643 300 7929




AgriEngineering 2025, 7, 421

9o0f 16

2.5. Coffee Detection

Once the images were captured and annotated using the Labellmg software version
1.8.6, the dataset was organized into three subsets to systematically train, validate, and
evaluate the deep learning model. This division followed a widely adopted standard in
computer vision: 70% for training, 15% for validation, and 15% for testing.

Each image was accompanied by its corresponding YOLO annotation file (.txt), which
contains the bounding box coordinates and the class identifier corresponding to the nutri-
tional deficiency present in the leaf.

This distribution was designed to maintain class balance and ensure that the models
learn in a generalized manner, thereby minimizing the risk of overfitting.

YOLO

The initial model was developed using YOLO versions 8 and 11, employing the nano
(“N”) configuration to accommodate resource-limited environments and the extra-large
(“X”) configuration to maximize detection accuracy and overall performance. YOLO
represents a family of object detection architectures that divides the input image into a grid
and concurrently predicts multiple bounding boxes along with their corresponding class
probabilities. In this study, all images were standardized to a resolution of 640 x 640 pixels.
The model subsequently generates feature maps at multiple scales via downsampling
operations. Unlike earlier versions, YOLOv8 and YOLOL11 adopt an anchor-free strategy,
whereby each grid cell directly predicts the bounding box coordinates and confidence scores
without depending on predefined anchors. Moreover, the model estimates the likelihood
of the Gossypium barbadense class.

The loss function is then calculated by incorporating errors in the bounding box
coordinates (X, y, w, h), confidence scores, and class probabilities, thereby enhancing the
precision of object detection.

2.6. Performance Evaluation

To evaluate the model’s performance in detecting nutritional deficiencies in coffee
leaves, predictions are classified according to their correctness. A True Positive (TP) occurs
when the model correctly identifies a leaf exhibiting a specific nutritional deficiency. A
True Negative (TN) is recorded when the model accurately determines the absence of a
deficiency in a given leaf. Conversely, a False Positive (FP) is assigned when the model
incorrectly detects a deficiency in a healthy leaf, while a False Negative (FN) occurs when
the model fails to detect an actual deficiency present in the leaf.

The following metrics were used to assess the model’s performance:

Precision (P): This is a metric that quantifies the proportion of true positives relative
to the total number of elements classified as positive, thus evaluating the accuracy of the
model’s positive predictions.

TP
b= TP + FP ®)
Recall (R): evaluates the model’s ability to correctly identify all current positive cases.
TP
R=Tp N @
F1-score (F): provides a balanced measure of precision and recall.
P xR
F=2x_—=
“P+R ©)

Mean Average Precision at IoU = 0.5 mAP50: measures the model’s average precision
across all classes using a fixed Intersection over Union (IoU) threshold of 0.5.
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1 N
<) AP@IoU = 05 ©)
i=1

mAP50 =

where AP; is the Average Precision for class i, N is the total number of classes and
AP;@IoU = 0.5 is the average precision for class i at an IoU threshold of 0.5.

3. Results
3.1. Performance

During the model training phase for the detection of nutritional deficiencies in coffee
leaves, the performance of the YOLOvS8 and YOLO11 architectures was evaluated. For both
architectures, three variants were trained: nano (n) and extra-large (x), in order to assess
their performance and efficiency across different application scenarios. These versions
allow comparison of the model’s performance in both resource-constrained environments
and high-capacity processing platforms.

Efficiency. To evaluate efficiency, processing time, memory consumption, and CPU
usage during the training phase were considered. Table 5 presents a comparison of the
computational performance of the YOLOv8n, YOLOv8x, YOLO11n, and YOLO11x models
during inference on the coffee leaf dataset. The evaluated parameters include total pro-
cessing time (in seconds), RAM usage (in megabytes), and average CPU utilization (as
a percentage).

Table 5. Training Efficiency of the CNN Architectures Used.

Parameter YOLOvS8n YOLOvS8x YOLO11n YOLO11x
Processing Time (s) 2055.067602 4681.006548 2074.656137 4765.370791
RAM Consumption (MB) 3033.42 MB 3200.09 MB 2791.00 MB 3071.71 MB
CPU Usage (%) 69.7% 64.75% 63.4% 54.65%

In terms of processing time, the more complex models (YOLOv8x and YOLO11x)
exhibited the highest values, with 4792.17 s and 4561.35 s, respectively. In contrast, the
lighter models (YOLOv8n and YOLO11n) achieved significantly lower processing times,
with 1935.91 s and 1961.24 s, respectively. This behavior is consistent with the architecture
of these models, as the “n” versions are optimized for speed and efficiency in resource-
constrained devices.

Regarding CPU usage, it was observed that the lighter models (YOLOv8n and
YOLOL11n) demand a higher processing load, with utilization rates of 70.25% and 71.15%,
respectively, whereas the heavier models, such as YOLOv8x and YOLO11x, exhibit lower
CPU usage (59.05% and 61.05%). This difference may be attributed to a more efficient
distribution of parallel processing in the larger models, which tend to leverage the system’s
multicore architecture more effectively.

In summary, the YOLOv8n and YOLO11n models offer advantages in processing
speed, which is valuable in systems where response time is critical, but this comes at the
cost of higher CPU and RAM consumption. Conversely, YOLOv8x and YOLO11x, although
requiring more processing time, are more efficient in terms of system resource utilization
and are preferable when model accuracy is prioritized over computational performance.

Performance. During the training phase, the performance of the CNN architectures
for detecting nutritional deficiencies in coffee leaves was also evaluated. Table 6 presents
the results obtained from evaluating the YOLOv8n, YOLOv8x, YOLO11n, and YOLO11x
models in the task of detecting nutritional deficiencies in coffee leaves. Standard perfor-
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mance metrics, including precision, recall, F1-Score and mAPs5(, were employed to compare
their effectiveness.

Table 6. Performance of the CNN architectures used for detecting nutritional deficiencies in
coffee leaves.

Parameter YOLOvS8n YOLOv8x YOLO11n YOLO11x
Accuracy (%) 84.42 89.24 86.69 88.98

Recall (%) 79.89 85.72 79.77 88.54
F1 Score (%) 82.14 87.44 83.09 88.76

mAPs5g (%) 87.57 92.57 88.13 92.68

The YOLO11x model achieved the best overall performance, attaining a precision of
88.98%, a recall of 88.54%, and an F1-Score of 88.76%, demonstrating an excellent balance
between correctly identifying positive cases and minimizing false positives. Additionally,
the model achieved a mean Average Precision at IoU 0.5 (mAPs5) of 92.68%, confirming
its strong detection capability and consistency across different classes. This high F1-Score
indicates that the model is robust and reliable for application in real-world environments,
where accurate identification of nutritional deficiencies without overlooking relevant cases
is essential.

The YOLOv8x model also exhibited notable performance, with a precision of 89.24%
and an F1-Score of 87.44%, although its recall was slightly lower (85.72%) compared to
YOLO11x. This suggests that, while the model is precise, it may fail to detect some
positive cases, potentially limiting its effectiveness in scenarios that require comprehensive
detection coverage.

The lighter, resource-optimized models, YOLOv8n and YOLO11n, showed lower
performance compared to their more complex counterparts. YOLOv8n achieved an F1-
Score of 82.14%, while YOLO11n reached 83.09%, indicating acceptable but less consistent
performance in identifying nutritional deficiencies.

In summary, these results support the selection of YOLO11x as the most suitable
model for the automated detection of nutritional deficiencies in coffee leaves, due to its
high precision, coverage, and overall balanced performance.

Figure 6 illustrates the performance of the model trained with the four YOLO variants
over 100 epochs.

Precision Comparison

10 e YOLOVEN (84.42%)
--- YOLOVBX (89.24%)
“+++ Yolol1N (86.69%)
-e- Yolol1X (88.98%)

0.8

0.6

Figure 6. Cont.
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Figure 6. Performance of CNN architectures over 100 epochs. (a) Precision, (b) Recall, (c) F1 Score
and (d) mAP50.
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The trained model enables the detection of nutritional deficiencies. Figure 7 presents
several sample images from the detection tests, illustrating the model’s effectiveness in
accurately identifying each type of nutritional deficiency.

Figure 7. Detection of Cotton Fruits with the Trained Model.

3.2. Application

Finally, Figure 8 illustrates the interaction flow between the interface and the backend
for image analysis. After processing the input image, the application identifies the leaves
exhibiting nutritional deficiencies, displays the detected labels on the image, and lists the
identified deficiencies at the bottom of the interface.

v~ NutriAl

7= Detector
Coffee Defect Detector

¥l About

Select a leaf image

Seleccionar archivo  Ningun archivo seleccionado Image Processing

B Original image Image with detections
- e/ 2 ( - '\" ol w

~ Deficiencies detected

Ca, N, Fe

Figure 8. Image processing in the web application.
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4. Discussion

The results obtained in this study demonstrate the potential of the YOLO11x model for
the automatic detection of nutritional deficiencies in coffee leaves, achieving a remarkable
balance between precision (88.98%), recall (88.54%), and F1-Score (88.76%). Additionally,
the model reached a mean Average Precision at IoU threshold 0.5 (mAP50) of 92.68%, con-
firming its strong detection capability across all nutritional deficiency classes. These metrics
indicate the model’s strong capability to accurately identify existing deficiencies while
minimizing both false positives and false negatives, which is essential for its application in
real agronomic contexts.

It is noteworthy that the central focus of this study was the development of a functional
web application designed for practical use by farmers or field technicians. For this reason,
the selection of the model emphasized lightweight YOLO versions that allow efficient im-
plementation in resource-constrained environments while maintaining reasonable response
times. Consequently, the focus was not exclusively on maximizing absolute model accuracy,
but on achieving an appropriate balance between performance, speed, and deployability in
a real application.

Compared to previous research, the results obtained align with those reported by
various authors. For instance, in the study referenced in [9], a ResNet-50 network was
used to classify nutritional deficiencies in different crops, achieving a precision of 98.18%.
Although this figure exceeds that of the YOLO11x model, the study employed a deeper
network with a larger dataset (20,777 images) and focused on generating personalized
agronomic recommendations. In contrast, the present work prioritizes efficiency and rapid
response within an automated analysis platform.

Similarly, study [10] achieved 87% accuracy using lightweight CNNs to diagnose
specific deficiencies in guava leaves from images captured with mobile phones. This
approach is comparable to the present study, as both emphasize field usability and low-cost
device implementation. The YOLOvS8n (82.14%) and YOLO11n (83.09%) models exhibited
similar performance, albeit with a slight disadvantage, possibly attributable to variability
in capture conditions or differences between crop types.

On the other hand, studies employing more sophisticated architectures, such as the
viticulture work [11], combined CNN and LSTM networks to diagnose up to ten types of
deficiencies in grapevine leaves, achieving 98.6% accuracy. Although this performance
is higher, the model used was not designed for real-time execution within a lightweight
application, as in the present study. Thus, the use of YOLO11x is justified by its balance
between accuracy and integration capability in a functional platform.

Likewise, in the study conducted in Asian rice fields [13], five pre-trained models were
evaluated with SVM as a classifier, achieving up to 99.05% accuracy with data augmentation.
These results reinforce the relevance of data augmentation, a technique also employed in
this study to improve model generalization against the variability of coffee leaf images.

From the perspective of computational performance, the lightweight models (YOLOv8n
and YOLOL11n) were significantly faster, with processing times of 1935.91 s and 1961.24 s,
respectively. However, this benefit was accompanied by higher CPU and RAM usage, which
may be limiting on low-capacity devices. Conversely, the more complex models (YOLOv8x
and YOLO11x) demonstrated better resource management at the cost of longer processing
times, a trade-off deemed acceptable considering their superior performance in terms of
precision and F1-Score.

Furthermore, the implementation of this protocol has the potential to significantly
benefit farmers by enabling early and accurate detection of nutritional deficiencies in coffee
plants. By using the proposed system, producers can make timely, data-driven decisions
regarding fertilizer application and crop management, avoiding unnecessary treatments
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and optimizing resource use. This not only helps maintain crop health and improve yields
but also reduces production costs by minimizing manual field inspections, decreasing
fertilizer waste, and preventing productivity losses caused by undetected deficiencies.

In terms of future research directions, this study paves the way for extending the
model’s applicability to other crops beyond coffee, allowing the development of multi-crop
diagnostic tools suitable for diverse agricultural contexts. Additionally, efforts will focus
on enhancing the model’s robustness under more varied environmental conditions, such
as different lighting, weather, and leaf orientations, to ensure consistent performance in
real-world scenarios.

5. Conclusions

A representative dataset of coffee leaves affected by six nutritional deficiencies (N, P, K,
Ca, Mg, and Fe) was successfully collected and accurately labeled, enabling robust model
training. The images underwent preprocessing, including contrast enhancement, slight
rotations, and normalization, which improved dataset diversity and model generalization.

Among the YOLO variants evaluated (YOLOv8n, YOLOvS8x, YOLO11n, YOLO11x),
YOLO11x achieved the best performance with a precision of 88.98%, recall of 88.54%, and F1-
Score of 88.76%, balancing accuracy and computational efficiency for practical deployment.

A functional web application was developed to integrate the trained model, allowing
users to upload coffee leaf images for immediate nutritional diagnosis, with visual and
textual outputs for affected nutrients. System evaluation showed that lightweight models
(YOLOv8n, YOLO11n) offered faster processing but higher resource usage, while larger
models (YOLOv8x, YOLO11x) provided higher accuracy and better resource optimization.
Overall, YOLO11x was identified as the most suitable model for this application.
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